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Not all source labels are useful for adaptation!
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Pixel-wise symmetric knowledge distillation:

(+) Benefits are threefold:

I. knowledge distillation only on source domain, the
learning becomes class-aware;

II. soft labels avoid the model overfitting to domain-specific
bias;

I1l. our symmetric proposal ensures bidirectional teacher-
student consistency between different inputs.
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Cross-Domain Mixture Data Augmentation:

Random Mask

NN

L 52t

(+) Benefits :
I. adding both OOD and target-aware information into
data augmentation, distillation more meaningful;

Il. carrying multiple effects on a single view w/o increasing
batch size;

mcdm:fﬁSQM_"mth@(l_M)

(6)
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g =9 O

prediction uncertainty

"~ (darker means lower confidence)

pseudo-label

ground-truth
(unused in training)
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Bilateral-consensus Pseudo-supervision: Ay ={p® k=12 ¢
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(+) Benefits :
I. threshold-free self-training;
Il. dynamic pseudo-label selection;

Lpica = Agistilﬁgistil + )\seg(ﬁgeg 4+ ﬁfeg) (11)
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) 20 [} - s v [=}
3 = = = = = + & 50 £ - =2 3 - 2 « = =) 2
Method S 2 £ £ & g & ¥ 2 E ¥ Z B 5 E 2 £ & ZE |mlou
BDL [11] 91.0 447 84.2 346 27.6 30.2 36.0 36.0 85.0 43.6 83.0 58.6 31.6 83.3 353 497 3.3 28.8 356 48.5
ProDA* [=0] 91.5 524 829 420 357 40.0 444 433 87.0 43.8 79.5 66.5 31.4 86.7 41.1 525 0.0 454 53.8| 53.7
cpsLt [40] 91.7 529 83.6 43.0 323 43.7 51.3 428 854 37.6 81.1 69.5 30.0 88.1 44.1 599 249 47.2 484 | 55.7
ProCA [31] 91.9 484 87.3 41.5 31.8 419 479 36.7 865 423 847 684 43.1 88.1 39.6 48.8 40.6 43.6 56.9| 56.3
DiGA (Ours, ResNet) 95.6 67.4 89.8 51.6 38.1 52.0 59.0 51.5 86.4 345 87.7 75.6 48.8 92.5 66.5 63.8 19.7 49.6 61.6| 62.7
DiGA (Ours, HRNet) 05.2 65.2 90.7 59.0 57.1 57.8 63.3 548 90.0 424 89.0 76.8 49.6 91.6 66.8 69.8 59.7 24.0 51.9| 66.1
DAFormer | 27] 0957 70.2 89.4 535 48.1 496 55.8 594 8§99 479 925 722 447 923 745 78.2 65.1 559 61.8| 68.3
DiGA (Ours 4+ DAFormer) | 95.7 70.4 89.8 54.8 47.8 51.3 57.8 63.9 90.3 488 91.8 73.1 46.6 92.6 78.5 81.3 74.8 57.3 63.2| 70.0
HRDA [25] 96.4 744 91.0 61.6 51.5 57.1 639 693 91.3 484 94.2 79.0 529 939 84.1 85.7 75.9 639 67.5| 73.8
DiGA (Ours + HRDA) 97.0 78.6 91.3 60.8 56.7 56.5 64.4 699 91.5 50.8 937 79.2 552 937 783 86.9 77.8 63.7 658 74.3

Table 1. GTAS-to-Cityscapes adaptation results. We compare our model performance with state-of-the-art methods. In all tables of
Sec. 4.2, bold stands for best and underline for second-best. i for fair comparison, we use their reported results after ST stage.

= = = 5 g et 3]
Method E £ 2 § 52 2 2 ¢ Z Z 2 5 2 2 Z|mou mour
BDL [ 1] 860 467 803 - - - 141 11.6 792 813 541 27.9 73.7 422 25.7 453 - 51.4
ProDA? [50] 87.1 44.0 83.2 269 0.0 42.0 458 342 867 813 684 221 87.7 50.0 31.4 38.6| 51.9 585
CPSL? [10] 873 44.4 838 25.0 0.4 429 47.5 324 865 833 69.6 29.1 89.4 52.1 42.6 54.1| 544 617
ProCA [21] 90.5 52.1 84.6 29.2 3.3 403 37.4 27.3 864 859 69.8 287 88.7 53.7 14.8 548| 53.0 596
DiGA (Ours, ResNet) |89.1 53.4 86.1 28.7 3.0 49.6 50.6 34.9 882 849 713 40.9 91.6 75.1 50.3 65.8| 60.2 67.9

DiGA (Ours, HRNet) 90.6 56.3 87.4 38.8 6.4 57.7 59.3 504 879 86.4 76.1 47.9 89.0 542 47.2 69.1| 62.8 69.4

DAFormer [27] 84.5 40.7 884 41.5 6.5 50.0 55.0 54.6 86.0 89.8 73.2 482 87.2 532 539 61.7| 60.9 674
DiGA (Ours + DAFormer) | 85.2 41.4 882 42.6 7.5 52.1 57.5 47.7 87.8 90.8 75.0 50.8 87.8 58.0 58.5 63.0| 62.1 68.6
HRDA [25] 852 47.7 88.8 49.5 4.8 57.2 65.7 609 853 929 79.4 528 89.0 64.7 639 649 | 658 724

DiGA (Ours + HRDA) |88.5 49.9 90.1 514 6.6 553 64.8 62.7 882 935 78.6 51.8 89.5 62.2 61.0 65.8| 66.2 728

Table 2. Synthia-to-Cityscapes adaptation results. mloU, mloU™ refer to 16-class and 13-class experimental settings, respectively. i for
fair comparison, we use their reported results after ST stage following [31].
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Cityscapes
Method
1/16 (186) | 1/8(372) | 1/4(744) | 1/2(1488)
CPS [Y] 75.09 77.92 79.24 80.67
Ours 76.86 78.51 80.01 80.93

Table 7. mloU comparison of semi-supervised semantic seg-
mentation using HRNe t backbone, based on which SOTA perfor-
mance of CPS [V] is reported. Evaluation performed on Cityscapes
validation set under different partition protocols.
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online symmetric distillation

Train on GTAS (G)

Method
—C —B —M —S
ISW [12] 42.87 38.53 39.05 29.58
SFDA [71] 43.50 - - -
SAN-SAW [50] 45.33 41.18 40.77 31.84
SHADE [53] 46.66 43.66 45.50 -

Our Distillation 48.87 44.42 51.78 37.17

Table 6. mloU comparison with SOTA methods for domain
generalization. G, C. B, M and S denote GTAS, Cityscapes,
BDD100k, Mapillary and Synthia, respectively. For fair compari-
son, all the listed methods ¢
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Stage-wise:

Method a b c d e | mloU A
Source-only 38.3 +0.0
Source-only | v 38.9 +0.6

(i) v o 46.7 +8.4
(ii) v oY 489  +10.6
(iii) v vV v 51.1 +12.8
(iv) v oo v 62.7  +244

Table 3. DiGA components: a -~ MST, b - ’H(pz}ﬁs), c—
H(pL, ps), d - CrDoMix, and e — £,

Warm-up stage:

Adv. [67] Distil. Adv. [67]+CrDoMix Distil. +CrDoMix
45.2 48.9 47.3 51.1

Strategy
mloU

Table 4. Warm-up model comparison between adversarial train-
ing and our knowledge distillation w/ and w/o CrDoMix.

Self-training stage:

Strategy | (1)5/°** (2)§#*™™ (3)BDL (4)ProDA (5)djt(ours)

mloU 52.1 53.8 56.2 59.5 62.7

Table 5. mloU comparison of applying different pseudo-labelling
techniques to train ST stage based on our warm-up model.

(b) ProDA

(c) ¥; (ours)

. feat

e)y; (f) ground truth

@ g™

Figure 7. Comparison of different pseudo-labelling techniques
given the same input image, and ground truth (f) is only adopted
for comparison. Dashed black boxes reveal the major differences.
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(a) source-only (b) warm-up stage (c) ST stage

Figure 6. Visualization of feature distribution on Cityscapes val-
idation set for each stage based on t-SNE [ | £] map.

Figure 6. Qualitative results of GTAS-to-Cityscapes adaptation on Cityscapes validation set. Columns from left to right are: target
domain inputs: ground-truth labels; segmentation predictions of BDL [+ 1], ProDA [50], CPSL [+0] and DiGA (ResNet).
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